Five healthy aging phenotypes were developed in the Long Life Family Study to uncover longevity pathways and determine if healthy aging across multiple systems clustered in a subset of long-lived families. Using blood pressure, memory, pulmonary function, grip strength, and metabolic measures (body mass index, waist circumference and fasting levels of glucose, insulin, triglycerides, lipids, and inflammatory markers), offspring were ranked according to relative health using gender-, age-, and relevant confounder-adjusted z-scores. Based on our prior work, families met a healthy aging phenotype if ≥ 2 and ≥ 50% of their offspring were exceptionally healthy for that respective phenotype. Among 426 families, only two families met criteria for three healthy aging phenotypes and none met criteria for four or more healthy aging phenotypes. Using Spearman correlation, the GeroScience (2019) 41:383-393 https://doi.proportion of offspring within families with exceptionally healthy pulmonary function was correlated with the proportion of offspring within families with exceptional strength (r = 0.19, p = 0.002). The proportion of offspring within families meeting the healthy blood pressure and metabolic phenotypes were also correlated (r = 0.14, p = 0.006), and more families were classified as meeting healthy blood pressure and metabolic phenotypes (Kappa = 0.10, p = 0.02), as well as the healthy pulmonary and blood pressure phenotypes than expected by chance (Kappa = 0.09, p = 0.03). Other phenotypes were weakly correlated (|r| ≤ 0.07) with low pairwise agreement (Kappa ≤ 0.06). Among these families selected for familial longevity, correspondence between healthy aging phenotypes was weak, supporting the heterogeneous nature of longevity and suggesting biological underpinnings of each individual phenotype should be examined separately to determine their shared and unique determinants.
Introduction
Aging has been characterized as the progressive loss of physiologic integrity, where perturbations in one physiologic system likely initiate or exacerbate dysregulation in other systems, ultimately leading to vulnerabilities to major health outcomes (Cohen 2016; López-Otín et al. 2013; Sanders et al. 2016 ). The complex multifactorial nature of aging makes studying its biology difficult. Research tends to focus on a single organ system or a single disease; however, this does not capture the interconnectedness of the different physiologic systems (Hu et al. 2016) . Shifting the focus to the body as a whole by examining the health of multiple physiologic systems simultaneously may help to identify fundamental processes of aging contributing to health and longevity that can inform common points of intervention to compress morbidity in the growing older adult population.
The Long Life Family Study (LLFS) is a multicenter cohort of two-generation families with clustering of exceptional longevity. In addition to familial longevity, participants in the proband generation from LLFS families had longer health spans; the average age at which 20% of probands had at least one chronic condition was 10 years later than controls without familial longevity from the New England Centenarian Study (Sebastiani et al. 2013) . Identifying exceptional health across multiple physiologic domains among individuals with familial longevity may allow for uncovering rare genetic variants responsible for delaying or escaping the onset of common chronic conditions. For many aspects of health, there are no standard criteria for exceptionally good health. We previously developed five healthy aging phenotypes in the LLFS (Barral et al. 2013; Marron et al. 2018 Marron et al. , 2019 ) that identified families who had a clustering of individuals with exceptional health in memory, strength, pulmonary function, blood pressure, or metabolism. Here, we take a step further by examining the co-occurrence of the five healthy aging phenotypes. Specifically, we sought to determine whether healthy aging phenotypes were correlated among LLFS families, hypothesizing that more families would be classified as exceptionally healthy across multiple phenotypes than expected by chance.
Methods

The Long Life Family Study (LLFS)
The LLFS is a multicenter cohort of two-generation families enriched for longevity. Study centers are based in Boston, Massachusetts; New York, New York; Pittsburgh, Pennsylvania; and Denmark. The overall goal of LLFS is to examine familial and non-familial genetic, environmental, and behavioral determinants of healthy aging and exceptional survival. Families were primarily white (> 99%) and met the following eligibility criteria:
(1) one enrolled long-lived participant (proband) aged ≥ 90, (2) at least one enrolled sibling of the proband, (3) at least one enrolled offspring of either the proband or their sibling, and (4) the family's proband generation had a clustering of members with exceptional survival (Sebastiani et al. 2009 ). The two generations were labeled as the proband generation consisting of the long-lived individual and their enrolled siblings, and the offspring generation, which included all enrolled offspring of individuals in the proband generation. The LLFS protocol was approved by the Human Research Protection Office of the coordinating center at Washington University, the Regional Scientific Ethical Committees for Southern Denmark, and the Institutional Review Boards at the University of Pittsburgh, Boston University Medical Campus, and Columbia University. All participants provided informed consent. Among 562 families, 136 were excluded from this analysis because they only had one offspring in the study. Thus, the analytic sample size was N = 426 families who had ≥ 2 offspring with information on at least one of the five healthy aging phenotypes. The number of offspring within the 426 families ranged from 2 to 44 (average = 5).
Examination
At the initial study visit (around the time of enrollment, 2006-2009), we collected phenotypic measures and blood samples at the location where the participant was living. Participants self-reported their date of birth, gender, smoking status, and years of education. Immediate and delayed recall was measured using the Logical Memory subtest of the Wechsler Memory Scales-Revised (Wechsler 1987) , which assessed ability to recall a short passage immediately and 30 min after. Isometric grip strength was measured twice in the dominant hand (Jamar, Sammons Preston Rolyan, Bolingbrook, IL) and averaged. Forced expiratory volume in 1 s was assessed using a spirometer (EasyOneTM, ndd Medical Technologies, Andover, MA) following American Thoracic Society guidelines. Blood pressure was calculated as the average of three sitting measurements in the right arm with an automated sphygmomanometer (Omron, Kyoto, Japan). Weight was recorded in light clothing using a digital scale (SECA Integra, Hamburg, Germany). Standing height was measured with a portable stadiometer. Waist circumference was measured at the umbilicus with a metal tape. Fasting glucose, insulin, triglycerides, high-density lipoprotein cholesterol, interleukin-6, and high-sensitivity C-reactive protein were measured in blood by the LLFS central laboratory at the University of Minnesota.
Healthy aging phenotypes
Markers used to represent phenotypes Five healthy aging phenotypes were previously developed in the LLFS for the following domains: memory, strength, pulmonary function, blood pressure, and metabolism (Barral et al. 2013; Marron et al. 2018 Marron et al. , 2019 . The original aim of developing these healthy aging phenotypes was to quantify health within physiologic domains in order to identify subsets of LLFS families who were exceptionally healthy in a domain to determine genetic traits influencing their exceptional health within that domain. Because very few members of the proband generation remained healthy, the offspring generation was used to define and classify exceptional health within the cohort. Table 1 includes information on phenotype development. The average of immediate and delayed recall was used to develop the healthy memory phenotype, grip strength was used to develop the healthy strength phenotype, forced expiratory volume in 1 s was used to develop the healthy pulmonary phenotype, systolic blood pressure was used to develop the healthy blood pressure phenotype, and the following eight markers were used to develop the healthy metabolic phenotype: body mass index, waist circumference, and fasting levels of glucose, insulin, triglycerides, high-density lipoprotein cholesterol, interleukin-6, and highsensitivity C-reactive protein.
Calculating z-scores for each phenotype For each phenotype, we calculated z-scores within the offspring generation using linear regression, while adjusting for age, gender, and specific, critical confounders (Table 1) . Insulin, triglycerides and inflammation markers, Creactive protein and interleukin-6 were logtransformed to normality. Immediate and delayed recall z-scores were calculated separately, while additionally adjusting for education. A single episodic memory zscore was then computed by averaging the immediate and delayed recall z-scores for each individual. The grip strength z-score was additionally adjusted for weight and height and the forced-expiratory volume in 1-s zscore was additionally adjusted for smoking status, weight, and height. When computing systolic blood pressure z-scores, offspring taking anti-hypertensive medication were excluded and automatically classified as not meeting the individual-level healthy blood pressure phenotype. Similarly, when computing fasting glucose z-scores and fasting insulin z-scores for the metabolic phenotype, offspring taking medication for diabetes were excluded and automatically classified as not meeting the healthy metabolic phenotype.
Individual-level phenotype development The proportion of offspring classified as meeting the individual-level healthy memory, strength, pulmonary, blood pressure, or metabolic phenotypes is illustrated by the red bars in Fig. 1 a-e. Offspring were classified as meeting the healthy memory, strength, or pulmonary phenotype if their respective adjusted z-score for that phenotype was at least one standard deviation above the overall adjusted mean (Fig. 1 a-c) . For example, offspring were classified as having healthy memory if their score was Smoking classified as ever vs never smokers c z-scores were calculated excluding participants taking anti-hypertensive medications, these participants were automatically classified as not meeting the healthy blood pressure phenotype d z-scores for fasting glucose and fasting insulin were calculated excluding participants taking medication for diabetes, these participants were automatically classified as not meeting the healthy metabolic phenotype e The number of offspring and families included in each healthy aging phenotype differs because each phenotype was developed using information from as many individuals as possible, where some may have been missing information on one phenotype, but had information on a different phenotype at least one standard deviation better than what you would expect given their age, gender, and education level. The threshold of one standard deviation above the mean was chosen a priori to identify a subset of individuals who had values that were clearly healthy, based on our prior work (Barral 2013; Marron 2018 Marron , 2019 . Figure 1 d illustrates that an offspring was classified as meeting the healthy blood pressure phenotype if their systolic blood pressure z-score was between − 1.5 and − 0.5. In other words, if they had a systolic blood pressure that was lower than expected for their age and gender, but not too low (Marron et al. 2018 ).
The healthy metabolic phenotype (Marron et al. 2019) was developed by applying a latent profile analysis, using Mclust (version 4, Fraley et al. 2012) , to the eight metabolic z-scores among offspring not taking Distribution of SBP adjusted z-scores. e. Average adjusted z-score for metabolic markers by latent subgroups. *Log transformation applied prior to computing z-scores. **HDL z-scores multiplied by − 1 medication for diabetes. All models with more than four latent subgroups had a poor posterior probability of correctly classifying participants into the subgroups (< 80%) or had subgroups that were too sparse (< 5% of participants). Among the well-fitting models with fewer groups, the four-group model was most optimal according to the Bayesian Information Criterion and was used to define offspring as meeting the healthy metabolic phenotype if classified into the latent subgroup that had a healthier average for all eight metabolic markers than expected given age and gender. Figure 1 e illustrates the average values of the eight metabolic markers for the four latent subgroups, of which group four had the healthiest metabolic profile.
Family-level phenotype development Based on our prior work, families were included if they had ≥ 2 offspring members with available information on the marker that represented the respective phenotype (Barral et al. 2013; Marron et al. 2018 Marron et al. , 2019 . Families were classified as exceptionally healthy if ≥ 2 and ≥ 50% of their offspring met the respective individual-level healthy aging phenotype (Table 1) . For example, a family met the healthy blood pressure phenotype if the majority of their offspring met the individual-level healthy blood pressure phenotype (Marron et al. 2018 ).
Statistical analysis
The number of families concordant for the healthy aging phenotypes was examined. We also wanted to examine concordance of the healthy aging phenotypes using a continuous measure, so for each family we calculated five proportions, one for each phenotype that described the number of their offspring classified as meeting a specific individual-level healthy aging phenotype out of the total number of offspring in the family. We then determined the correlation of the proportions of offspring within families who met a specific healthy aging phenotype versus the proportion of offspring within families who met a different healthy aging phenotype using Spearman correlation. We applied hierarchical clustering using a centroid component to the proportions of offspring within families meeting each of the healthy aging phenotypes and illustrated the clustering using a dendrogram. Percent positive agreement and Cohen's kappa statistic were used to quantify pairwise agreement of classifying families as healthy for each pair of healthy aging phenotypes. Positive agreement was calculated as the number of families classified as healthy on two phenotypes divided by the average number of families classified as healthy on either of those phenotypes.
Results
The number of offspring and families who met each of the five healthy aging phenotypes is listed in Table 1 . Among the offspring generation, the healthy memory prevalence, healthy strength prevalence, and healthy pulmonary prevalence were all around 15%. Slightly more offspring were classified as meeting the healthy blood pressure phenotype and the healthy metabolic phenotype (22% and 20%, respectively). When examining families, the healthy memory prevalence, healthy strength prevalence, and healthy pulmonary prevalence were all around 5% (Table 1) . Similar to the individual-level phenotype, slightly more families met the healthy blood pressure and healthy metabolic phenotypes (11% and 10%, respectively).
The number of healthy aging phenotypes met by each family ranged from zero to three. Although individual offspring may have met criteria for exceptional health, the majority (73%) of families met none of the healthy aging phenotypic criteria, showing a lack of clustering for multiple phenotypes within families. Almost a quarter of families met criteria for one healthy aging phenotype and 5% of families met criteria for two healthy aging phenotypes. Only two (0.5%) families met three healthy aging phenotypic criteria. Among the families who met at least one healthy aging phenotype, almost half met only the healthy blood pressure phenotype or met only the healthy metabolic phenotype. Among the two families who met three healthy aging phenotypes, one family met criteria for the healthy memory, strength, and blood pressure phenotypes, and the other family met criteria for the healthy pulmonary, strength, and blood pressure phenotypes.
Correlations and classification agreement of the five healthy aging phenotypes
For each family, we calculated five proportions that described the number of offspring in the family who met a particular healthy aging phenotype divided by the total number of offspring in that family. Table 2 includes how correlated these proportions are among families. The proportions of offspring within families who met the healthy blood pressure phenotype were correlated with the proportions of offspring within families who met the healthy metabolic phenotypes (r = 0.14, p = 0.006). In addition, the proportions of offspring within families who met the healthy strength and pulmonary phenotypes were correlated (r = 0.19, p = 0.002). All other phenotypes were weakly correlated (|r| ≤ 0.07). Figure 2 illustrates the hierarchical clustering of the proportions of offspring within families who met each of the healthy aging phenotypes, suggesting that the healthy blood pressure and metabolic phenotype and the healthy strength and pulmonary phenotypes were more closely related than others. When examining pairwise agreement of classifying a family as healthy on a pair of phenotypes, we found significantly more families classified as meeting both the healthy blood pressure and metabolic phenotypes than expected by chance ( Table 2) . Among the average number of families classified as healthy on either the blood pressure or metabolic phenotype, 20% (8 families) were classified as healthy on both (Kappa = 0.10, p = 0.02). There were also more families who met both the healthy blood pressure and pulmonary phenotypes than expected by chance. Among the average number of families classified as healthy on either the pulmonary or blood pressure phenotype, 16% (5 families) were classified as healthy on both (Kappa = 0.09, p = 0.03). All other phenotypes had low pairwise agreement (Kappa ≤ 0.06).
Discussion
Among families selected for longevity, families who were healthiest in one domain were not likely among the families who were healthiest in other domains. Because aging is a risk factor for aging-related diseases, we expected that individuals who age more slowly would also delay or escape numerous aging-related diseases simultaneously (Andersen et al. 2012) . Therefore, we hypothesized that healthy phenotypes would cluster in long-lived families. We did not observe such clustering in the LLFS families and therefore various LLFS families may have different underlying causes for their longevity. There was modest familial correlation between the healthy strength and pulmonary phenotypes and the healthy blood pressure and metabolic phenotypes. Though the correlations were not strong, there was more agreement than expected by chance between families classified as meeting the healthy blood pressure and metabolic phenotypes, as well as between the healthy pulmonary and blood pressure phenotypes.
The associations between healthy pulmonary function with both exceptional strength and healthy blood pressure may reflect an underlying influence of cardiorespiratory fitness. Weak grip strength and hypertension have been associated with higher odds of moderate-tosevere dyspnea among older adults, though hypertension did not remain significant after adjustments (Miner et al. 2016) . Adequate respiratory strength is essential to maintaining healthy pulmonary function, and can be assessed by maximal inspiratory and expiratory pressures (Enrıght et al. 1994 ). Among older adults in the Cardiovascular Health Study, grip strength, but not blood pressure, was an independent correlate of maximal inspiratory and expiratory pressures (Enrıght et al. 1994) . Though, blood pressure was marginally associated with maximal inspiratory volume among women, but not men, in the Multi-Ethnic Study of Atherosclerosis (Sachs et al. 2009 ). Maximal inspiratory pressure has also been associated with future major cardiovascular outcomes among older adults (Van der Palen et al. 2004 ). In addition, a greater decline in lung function, with values still in a normal range, was associated with a higher risk of incident hypertension over 10 years of follow-up among younger adults (Jacobs et al. 2012) . Worse lung function has also been shown to be associated with worse small arterial elasticity (Duprez et al. 2013 ). In the LLFS, only two families met criteria for three healthy aging phenotypes, of which one met the healthy blood pressure, pulmonary, and strength phenotypes. Health across these three phenotypes may be a consequence of specific protective factors clustering in this family.
The healthy blood pressure and metabolic phenotypes were also significantly associated among the LLFS families. It is well-known that unhealthy metabolic measures and high blood pressure cluster together (Alberti et al. 2009 ) and together, these, of course, can constitute the metabolic syndrome (Alberti and Zimmet 1998) . One hypothesis explaining the association between these two phenotypes involves insulin resistance as a risk factor for both high blood pressure and poor health across multiple metabolic markers, though the pathogenesis of this remains unclear (Alberti et al. 2009 ). Similarly, a common pathway of insulin sensitivity may be influencing the opposite end of the spectrum, healthy blood pressure and healthy metabolism. Other healthy aging phenotypes were weakly correlated among the LLFS families. Consistent with this finding, components of the Healthy Aging Index, a composite score of multi-system disease burden, were also weakly correlated .
We found LLFS families to be heterogeneous across the five healthy aging phenotypes. The low prevalence of LLFS families meeting phenotypic criteria was partly due to our a priori definitions of health for each phenotype. The phenotypes were developed based on health relative to the total sample of LLFS offspring, i.e., a unique sample selected for familial longevity. This approach was deliberately chosen to identify the most extreme families for genetic analysis. Consistent with these findings, linkage signals for phenotypes in LLFS have been shown to be driven by a very small number of families (Barral et al. 2014; Lee et al. 2014) . It is quite possible that not all longlived individuals make it to extreme ages in the same way (Evert et al. 2003; Perls 2006; Ukraintseva et al. 2016) . Others have shown that some individuals may make it to extreme ages by delaying the onset of chronic conditions, others by escaping the onset all together. Others survive to extreme ages with chronic conditions, potentially by adapting (Ukraintseva et al. 2010; Ukraintseva et al. 2016) .
Different paths to longevity likely reflect different underlying combinations of genetic, environmental, and behavioral factors influencing health over the lifetime (Perls et al. 2006) . Even within an individual, aging is heterogeneous, where physiologic systems can have different peaks of health capacity and different rates of decline (Newman and Cauley 2012) . It has been hypothesized that a perturbation in one physiologic system can begin or accelerate dysregulation across other systems (Cohen 2016) . Because of this complexity, it is reasonable to expect that we would find some LLFS families with exceptional health across multiple physiologic domains. There may still exist robustness in a physiologic system, where functional ability is maintained even in the presence of internal and external disturbances (Kitano 2007) . However, others have proposed that robustness in one domain can cause fragility in other domains, a phenomenon described as the evolution of trade-offs (Kriete 2013) , further suggesting the low likelihood of maintaining exceptional health across multiple domains.
Several aspects of this analysis are important to keep in mind when considering these findings. First, because we only included families with two or more offspring, we had to exclude 24% of LLFS families with only one offspring. Our predominantly white cohort limits the generalizability of results. Exceptionality was relative to the average of LLFS participants, not the average population. Perhaps, if we had the opportunity to compare findings between LLFS participants and the general population or a cohort representative of people who do not have a familial predisposition for longevity, we might have had more significant and elucidative findings. Strengths of this study include the detailed information on a novel family-based cohort enriched with longevity, available objective measures to develop phenotypes illustrating multiple domains of aging, and inhome visits enabling collection of functional data from participants that may not be healthy enough to leave their home.
Our exceptionally healthy aging phenotypes were heterogeneously distributed among families in this cohort of familial longevity. In other words, the families that were healthiest in one domain were not the healthiest in other domains. This suggests LLFS families may have become enriched with longevity through a diverse set of pathways, where exceptional health across multiple domains may not be necessary to obtaining familial longevity. Thus, to further our understanding of the heterogeneous longevity pathways, it will be important to investigate the genetic and environmental underpinnings of each phenotype separately. Potentially, this will uncover protective factors with pleiotropic effects and unique factors such as rare or even private (unique to a single family) genetic variation.
